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Abstract
Introduction—Prior studies identifying patients with inflammatory bowel disease (IBD)
utilizing administrative codes have yielded inconsistent results. Our objective was to develop a
robust electronic medical record (EMR) based model for classification of IBD leveraging the
combination of codified data and information from clinical text notes using natural language
processing (NLP).
Methods—Using the EMR of 2 large academic centers, we created data marts for Crohn’s
disease (CD) and ulcerative colitis (UC) comprising patients with ≥ 1 ICD-9 code for each disease.
We utilized codified (i.e. ICD9 codes, electronic prescriptions) and narrative data from clinical
notes to develop our classification model. Model development and validation was performed in a
training set of 600 randomly selected patients for each disease with medical record review as the
gold standard. Logistic regression with the adaptive LASSO penalty was used to select
informative variables.
Results—We confirmed 399 (67%) CD cases in the CD training set and 378 (63%) UC cases in
the UC training set. For both, a combined model including narrative and codified data had better
accuracy (area under the curve (AUC) for CD 0.95; UC 0.94) than models utilizing only disease
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ICD-9 codes (AUC 0.89 for CD; 0.86 for UC). Addition of NLP narrative terms to our final model
resulted in classification of 6–12% more subjects with the same accuracy.
Conclusion—Inclusion of narrative concepts identified using NLP improves the accuracy of
EMR case-definition for CD and UC while simultaneously identifying more subjects compared to
models using codified data alone.
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INTRODUCTION
Electronic medical records (EMR) are increasingly being used in clinical practice and
research allowing efficient development of cohorts, ascertainment of outcomes, and
opportunities for translational research when linked to biospecimen repositories1–8.
However, optimal use of EMR data requires accurate definition of diseases and outcomes, a
major challenge for researchers. Thus far, a majority of models to define disease have relied
solely on administrative billing codes. For example, a diagnosis of inflammatory bowel
disease (IBD) using administrative datasets was defined by the presence of a single billing
code for Crohn’s Disease (CD) or Ulcerative Colitis (UC), multiple billing codes, or a
combination of billing codes, procedures, and medications9–12. However, the accuracy of
these algorithms varies widely between 75–97% and is limited by the variations in coding
practices, the fact that billing codes are often assigned by administrative non-clinical staff
not directly involved in patient care, and incomplete medical history. Importantly, there are
additional data in the EMR that do not have billing codes (i.e. endoscopic, pathologic, or
radiologic findings) that provide important additional information for accuracy of disease
definition. However, these data are often embedded within narrative text reports that
typically require laborious manual medical record review for extraction.
Natural language processing (NLP) is a range of computational techniques for analyzing and
representing naturally occurring written or oral texts for the purpose of achieving human-
like language processing for a range of tasks or applications13. One such application is
within the EMR where NLP has been used to define medication use, adverse events,
complications, or response to treatment6, 7, 14–20. NLP has also been applied to aid in
development of disease cohorts including prior work from our group7 that demonstrated that
this informatics-based approach was accurate, improved sensitivity, and was portable to
other institutions with distinct EMR systems1.
The goals of this study were to (1) develop and validate an algorithm for definition of
Crohn’s disease (CD) and ulcerative colitis (UC) within a multi-institutional EMR; (2)
compare the performance of case-definition models utilizing codified data alone to those
incorporating narrative free text extracted using NLP, in particular focusing on the added
contribution of NLP to improving sensitivity and accuracy; and (3) demonstrate disease
associations that can uniquely be identified using NLP data.
METHODS
Data Source
We studied EMR data from Massachusetts General Hospital (MGH) and Brigham and
Women’s Hospital (BWH), both tertiary referral hospitals serving over 3 million patients in
the Boston metropolitan area. The EMR (Partners Longitudinal Medical Record (LMR)) has
been in existence at MGH from October 1, 1994 and at BWH from October 3, 1996. We
first created two datasets of all potential IBD patients – the “CD mart” comprised all patients
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with at least 1 International Classification of diseases, 9th edition (ICD-9) code for CD
(555.x, n = 14,288), and the “UC mart,” which comprised patients with at least 1 ICD-9
diagnosis code for UC (556.X, n=14,335) (Figure 1). The ICD-9 codes for outpatient
encounters, inpatient stays, and procedures are embedded within the dataset.
Selection of codified variables
For each subject in the CD and UC mart, we identified the total number of ICD-9 codes for
CD or UC. In addition, we identified the number of such codes that were assigned to an
inpatient hospitalization, gastroenterologist visit, or associated with an endoscopic
procedure. We also identified the number of codes for competing diagnoses with a similar
clinical presentation (irritable bowel syndrome, ischemic colitis, diverticulitis), CD- or UC-
related complications (intestinal fistulae, strictures, perianal fistulae or abscesses), or
surgeries (small or large intestinal resection perirectal surgery) (Supplementary Table 1).
Finally, we included whether a patient was prescribed or listed as being on a CD or UC-
related medication by their physician using the EMR electronic prescription program at any
point in their follow-up. These medications including 5-aminosalicylates (mesalamine,
sulfasalazine, balsalazide), corticosteroids (prednisone, hydrocortisone, budesonide),
immunomodulators (azathioprine, 6-mercaptopurine, methotrexate) and anti-tumor necrosis
factor-α therapies (infliximab, adalimumab).
Narrative terms and NLP analysis
We used six different types of notes as source for our narrative terms – outpatient notes,
discharge summaries, operative notes, radiology, endoscopy, and pathology reports. Routine
inpatient progress notes are not available in electronic format and were not included. In
addition to PDF format, endoscopy reports are available in text format and could be
processed for NLP analysis. We processed the notes using the clinical Text Analysis and
Knowledge Extraction System (cTAKES)21 (http://ohnlp.svn.sourceforge.net/viewvc/ohnlp/
trunk/cTAKES/), which processes clinical text notes and identifies when the term is
mentioned in the text, along with qualifying attributes (i.e., negated, non-negated, current,
history of, family history of). We created an expert-defined list of terms we considered
relevant to identifying subjects with IBD. The terms were then mapped to the Systemized
Nomenclature of Medicine-Clinical Terms (SNOMED-CT), a hierarchically organized
clinical healthcare terminology index with over 300,000 concepts, to allow for variations in
language use, or the RxNorm, a normalized naming systemic for generic and branded drugs.
The selection of the relevant terms followed a structure similar to our codified data. First, we
defined the number of times the terms were mentioned “Crohn’s disease/Crohn disease”, or
“ulcerative colitis” in the narrative notes. Other terms extracted included those that were
relatively specific for CD (“ileitis”), UC (“proctosigmoiditis”), common to both diagnoses,
disease-related complications (“perianal abscess”) and surgeries (“ileocecal resection”). We
categorized each as CD-specific, UC-specific, or common across both diseases. We also
included the number of times the terms were mentioned in the clinical texts for each subject,
for each of the potential competing diagnoses, supportive endoscopy, pathology, and
radiology findings. For example, the colonoscopic findings that could support a diagnosis of
IBD included “aphthous ulcer” “friable mucosa”, or “loss of vascularity” while pathology
findings included “chronic active colitis”, “ileitis” and radiology findings included “bowel
wall thickening” and “wall enhancement”.
To examine the accuracy of NLP in identifying the terms, 100 random sentences were
selected for each of the main concepts of interest (“Crohn’s disease”, “ulcerative colitis”,
medications). cTAKES was defined as having identified a term accurately if the sentence
extracted contained a mention of the disease or medication. For the medication, an accurate
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mention included if the medication was currently being taken, had been taken in the past,
was contemplated being initiated, or was being temporarily held. Negative mentions of the
disease or medication terms (for example, “no evidence of Crohn’s disease”) were
considered as accurate only if cTAKES was able to accurately identify that the term was
negated. The precision of the identification of terms by NLP was defined as the number of
sentences where the NLP output was confirmed by physician review/total number of
sentences identified by NLP. Overall precision of NLP was high – Crohn’s disease – 100%;
ulcerative colitis – 98%; anti-TNF agents – 98%; corticosteroids – 97%; and
immunomodulators – 96%.
Development of the classification algorithm
A training set of 600 patients were selected at random from CD mart and another 600 were
selected at random from the UC mart (Figure 1). A board certified gastroenterologist
(A.N.A) reviewed the EMR of all patients and classified them as having CD, UC, or not
having IBD. CD or UC was diagnosed based on the presence of typical symptoms,
chronicity of presentation, and supportive endoscopic, histologic, or radiologic
findings22–24. However, where primary data pertaining to the diagnosis was not available
within our electronic medical record, we considered CD or UC as being present based on
consistent mention within the medical record and use of an appropriate CD or UC-related
medication without the presence of an alternate indication for that treatment. For patients
who may have had pre-surgical UC and developed Crohn’s of the J-pouch following their
surgery, or for those with IBDU, the IBD diagnosis type presumed during the majority of
their clinical encounters was assigned. A penalized logistic regression with the adaptive
LASSO procedure25 was used to select the informative variables for our final predictive
model. The tuning parameter for the penalized regression was selected based on the
Bayesian Information Criterion26. We constructed four separate models to predict a
diagnosis of CD or UC in our EMR cohort – (1) model utilizing number of CD or UC ICD-9
codes alone (ICD-9 model); (2) model comprising all codified variables including disease
complications (codified model); (3) model including narrative terms identified through NLP
only (NLP model); and (4) a combined model including both codified and NLP variables
(combined model). The regression model assigned each patient a probability of truly having
a diagnosis of CD or UC on a continuous scale.
The accuracy of the models at various specificity levels were calculated non-
parametrically27 and the overall prediction performance of each model evaluated based on
the area under the receiver operating characteristic curve (AUC). To correct for over-fitting
bias, the 0.632-bootstrap28 was used to estimate these accuracy measures. The standard error
estimates were obtained via the bootstrap procedure with 1000 replicates. For all models, we
selected a probability threshold corresponding to a specificity of 97% and classified patients
with probability exceeding the threshold value as truly having the disease within the data
mart. The accuracy of our classification rule was validated by reviewing the medical records
of 100 additional patients each predicted by the final combined model to have CD or UC.
Finally, we compared the performance of our final combined model to other published
algorithms for defining CD or UC in an EMR cohort.
Histologic disease activity and risk of surgery
Findings such as histologic evidence of active disease are not available in routine non-
research clinical datasets or administrative data and require laborious manual review of
EMR for extraction. To further explore the utility of NLP in research, we examined the
association between presence of histologic activity identified through narrative text
extraction by NLP and risk of surgery in CD and UC. Relevant IBD-related surgeries were
identified through ICD-9 codes as in previous studies29, 30. Patients with ≥1 ICD-9 for an
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IBD-related surgery were classified as having the outcome of surgery. In this exploratory
analysis, for each patient we summed the number of NLP identified mentions of “cryptitis”,
“crypt abscesses”, “chronic inflammation”, “chronic active colitis”, or “enteritis” to estimate
cumulative burden of histologic disease activity, and divided patients into four strata based
on the distribution of data – 0 mentions, 1–2 mentions (tertile 1), 2–6 mentions (tertile 2),
and > 6 mentions (tertile 3). Logistic regression models adjusting for age, duration of
follow-up, and intensity of healthcare utilization (number of facts) were used to examine the
association between tertiles of cumulative burden of histologic disease activity and
undergoing surgery during follow-up. Number of facts refers to number of distinct
encounters with the medical system and is a marker of healthcare utilization. For example,
an office visit, a laboratory test, and a colonoscopy each contribute 1 fact. The study was
approved by the Institutional Review Board of Partners Healthcare.
RESULTS
Training set characteristics
The CD training set consisted of 600 patients with ≥ 1 ICD-9 code for CD (Figure 1); 399
patients (67.5%) were confirmed to have CD, 66 had UC (11.0%) and the remaining 135 did
not have IBD (Table 1A). The mean number of ICD-9 codes for CD was greater in those
with confirmed CD (34.7±2.8) compared to those with UC (6.1±1.5, p < 0.001) or without
IBD (1.7±0.1, p < 0.001). Confirmed CD patients also had a greater number of narrative
mentions of Crohn’s disease compared to UC or non-IBD patients.
Among the UC training set of 600 patients with ≥ 1 ICD-9 code for UC, 378 (63%) were
confirmed on chart review to have UC, 72 to have CD (12%) and 150 did not have IBD
(25%). Those with confirmed UC had a greater number of total ICD-9 codes for UC
(23.0±1.6) than those with CD (8.1±2.8) or non-IBD controls (1.8±0.2) (p < 0.001) (Table
1B), and a greater number of narrative mentions of ulcerative colitis. Thus, the PPV of a
single ICD-9 code for CD or UC in the training sets were only 67.5% and 63% respectively.
Tables 2A and 2B present the frequency of various codified terms and corresponding NLP
narrative mentions within the training sets, grouped by diagnoses of CD, UC or non-IBD
assigned by chart review. We found that NLP identified narrative terms provided more
information regarding current or past use of medications than codified mentions (Figures 2A
and 2B). Less than one-fifth of the CD cohort had codified mentions of anti-TNF therapy;
however, this proportion increased to 42% among those with narrative mentions of these
agents. NLP was also useful in identifying supportive endoscopic and histologic features. A
significantly greater proportion of those with CD or UC in both training sets had narrative
mentions supportive of active inflammation on colonoscopy or histology than those
classified as not having IBD.
Derivation of the classification algorithm
Figures 3A and 3B present the variables that were selected for inclusion in our final models
to define CD and UC, respectively, in order of magnitude of the regression coefficients. The
strongest variables for the prediction of CD were the number of ICD-9 codes for CD and the
number of NLP mentions of CD. Other informative variables include IBD-related
complications and medications. The presence of competing diagnosis codes including that
for UC and NLP mentions for irritable bowel syndrome were negative predictors of CD.
The number of NLP mentions for colon resection, presence of supportive findings on
pathology, and UC were most predictive of UC diagnosis, while ICD-9 codes or NLP
identified mentions of perianal disease (CD-related complication) and competing diagnoses
were negative predictors of UC (Figure 3B).
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Performance and Validation of the algorithm
The combined model incorporating both narrative and codified data had greater accuracy for
identification of CD (AUC 0.95, 95% CI 0.93 – 0.97) than a model that contained only
ICD-9 billing codes for CD (AUC 0.89, 95% CI 0.87 – 0.92) (Supplemental Figure 1).
Similarly for UC, the combined model had better accuracy (AUC 0.94, 95% CI 0.93–0.96)
than the ICD-9 model alone (AUC 0.86, 95% CI 0.83–0.89) or a model containing ICD-9
codes and disease complications (codified model) (Supplemental Figure 2).
The combined CD model classified 5,502 CD patients when applied to the CD mart, while
the combined UC model classified 5,519 UC patients when applied to the UC mart. On
review of medical records from an additional random set of 100 patients each predicted to
have CD or UC by the combined model, 97 each were correctly identified as having this
diagnosis through chart review resulting in a PPV of 97% for each algorithm.
Figure 4 demonstrates the proportion of patients in our IBD data mart who would be
classified as having CD or UC at the same 97% specificity level from each of the 4 models:
ICD-9, codified, NLP and combined model. Addition of NLP to a model containing codified
data alone improved the sensitivity and therefore the proportion of EMR patients classified
as having CD or UC. The improved sensitivity resulted in an additional 851 CD and 1887
UC patients who could be classified as truly having CD or UC when compared to the ICD-9
model, and 325–584 patients over the next best performing model. Compared to previously
published algorithms, our present algorithm demonstrated significantly improved specificity
and PPV as well without a decrease in sensitivity (Table 3).
Association between histologic activity and surgery
Among the cohort of UC patients, patients in the second and third tertiles of histologic
activity had significantly greater odds of surgery with odds ratios (OR) of 3.20 (95% CI 2.43
– 4.21) and 6.37 (95% CI 5.02 – 8.07) respectively, compared to those with no mentions of
histologic activity. Similarly increasing tertiles of histologic activity for CD were also
associated with CD-related surgery with adjusted ORs of 1.41 (95%CI 1.05 – 1.89), 2.07
(95%CI 1.64 – 2.62), and 2.83 (95%CI 2.31 – 3.47) respectively.
DISCUSSION
We demonstrate that a CD or UC classification model incorporating clinical data extracted
using NLP from narrative text has improved accuracy for identification of CD or UC
patients in the EMR over a model utilizing CD or UC billing codes alone. The addition of
NLP derived variables increased accuracy of CD identification by 6% compared to an
algorithm containing billing codes alone (ICD-9 model), and resulted in a 7–15% increase in
PPV compared to previously published algorithms9–12. Importantly, addition of NLP
resulted in classifying a significantly greater proportion of patients in our EMR cohort as
truly having the disease without loss of specificity and accuracy, increasing the size of our
IBD cohorts by approximately 6–12%. Finally, we also demonstrate that NLP has the ability
to contribute valuable clinical information not available in codified data; we observed an
association between increasing NLP derived mentions of histologic disease and surgical
outcome in CD and UC patients.
Accurate definition of diseases and outcomes is an important prerequisite in both
administrative data and EMR based research. Prior disease algorithms relying on ICD-9
codes have yielded PPV of 75–97%9–12 in the published literature. In our study, the
presence of a single ICD-9 code for CD or UC yielded a PPV of only 65–70%. Even without
narrative data, addition of codes for disease complications (codified model) improved the
PPV over the ICD-9 model, suggesting that such approaches should be considered in
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administrative database research. In particular, given the significant (~10%)
misclassification of CD as UC or vice versa using only CD or UC ICD-9 codes, inclusion of
disease specific complications (perianal disease, intestinal fistulae) may help improve the
specificity of such algorithms.
The myriad modifications required in different EMR databases to achieve comparable
accuracy in defining the disease of interest highlights the challenges in using billing codes
alone to classify disease. This approach is also vulnerable to errors. First, there is the
possibility of inaccurate coding as assignment of diagnosis codes is often performed by non-
medical providers not involved in direct patient care. Second, several diseases (for example,
primary sclerosing cholangitis) may lack distinct diagnosis codes31. In addition, reliance
exclusively on billing codes ignores the wealth of information available as narrative free text
within the medical record. We demonstrate that adding data extracted through NLP to
models containing only billing data improved the accuracy substantially.
NLP is a range of computational techniques for analyzing the most ubiquitous human
product, namely, language13. There are several benefits to incorporating NLP to analyze
narrative text in EMR research. First, this allows for identifying not only disease terms but
also supportive symptoms, laboratory tests, and investigations. Thus, by accurately
identifying the results of a specific investigation rather than merely having a code for the test
having been performed allows for significantly greater confidence in assigning a subject as
truly having the disease. Indeed, a recent approach utilizing real-time NLP in the Veterans
Affairs medical records revealed the ability to detect post-operative complications with
superior sensitivity compared to patient safety indicators3, 6. Second, it contributes to
increasing the confidence in disease diagnosis by ascertaining the presence of mentions for
competing diagnoses that may mimic the disease in question. For example, colonoscopy
revealing “erythema and ulceration in the splenic flexure watershed consistent with ischemic
colitis” reduces the confidence in a diagnosis of ulcerative colitis though a common billing
code may have been utilized. Third, NLP allows for identifying disease outcomes such as
disease activity that are not available through billing codes. Fourth, addition of NLP to our
case definition model resulted in a substantial increase in the size of our disease cohorts
without compromising specificity. The utility of an EMR cohort for translational research
relies on the ability to develop a sufficiently large cohort for genotype-phenotype studies,
while not compromising on the specificity and accuracy of identifying true cases.
Importantly, the 6–12% increase in cohort size in our study while maintaining a high level
of accuracy for classification could significantly improve statistical power in genotype-
phenotype correlation studies using biological samples linked to EMR data.
As EMR data is increasingly being used for research, and in particular translational research
aimed at examining genotype-phenotype relationships, developing disease cohorts of
adequate size to allow for power for genetic analyses is important. At the same time, it is
important to preserve specificity of disease definition to ensure accuracy of genetic analysis.
We demonstrate that addition of NLP is a valuable tool by allowing for classification of a
greater number of patients as having CD or UC disease without increasing the false positive
rate. Finally, we demonstrate that NLP can also be an invaluable source for mining the
clinical narrative3 by defining an association between histologic disease activity through
narrative searches for terms indicating active bowel inflammation, and requirement for
surgery in both CD and UC, confirming prior findings from small studies32.
There are limitations to our study. First, it was restricted to the EMR from a single
healthcare system, Partners Healthcare, which uses a common electronic record. Further
studies are required to examine the portability of our IBD algorithm to different EMR
systems. Notably, our group has recently demonstrated that an algorithm to define
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rheumatoid arthritis (RA) patients utilizing a combination of codified and NLP data
developed in the Partners EMR7 was portable to other institutions using distinct EMR
systems1. As an increasing number of institutions adopt electronic medical records, an
approach utilizing the wealth of free text narrative information available within the EMR
offers significant opportunities for efficient, cost-effective research and collaborative.
Second, as our health system is comprised of referral hospitals and is not a ‘closed system’,
a portion of our patients may receive part of their care at other hospitals. Our use of
narrative free text mentions in addition to the billing codes allows a greater ability to
ascertain such outcomes from the text within the medical notes. However, we acknowledge
that this may still leave us with missing information.
Our findings have several implications. To our knowledge, this is one of the first studies to
use NLP in addition to billing codes to improve on the predictive value of case definition
models in the EMR for IBD. Validation of such an approach has the potential to allow for
efficient development of multicenter cohorts to examine disease outcomes. In particular,
develop of such multicenter cohorts will allow for study of uncommon phenotypes2 and
complications such as primary sclerosing cholangitis that require large numbers of subjects.
Second, several healthcare systems including ours have developed tools to allow for linkage
of discarded or consented blood specimens to such EMR data2, 33, 34. This offers the
exciting ability to define genotype-phenotype relationships for various outcomes8. Our
group has already demonstrated the feasibility of such an approach for an RA cohort4 and
we have begun collection and linkage of such biospecimens in our IBD cohort (457 unique
plasma and buffy coat samples over 5 months). Once accrual of an adequate number of
samples has occurred, our IBD cohort can be utilized to answer key and unique clinical
questions that require narrative free text analysis and cannot be addressed using
administrative datasets such as genetic prediction of treatment response or treatment related
adverse events.
In conclusion, we demonstrate that incorporation of narrative free text data within the
disease definition algorithm of an EMR cohort allows for superior accuracy and a higher
positive predictive value than algorithms using billing codes alone or prior published
studies. This novel methodology offers considerable promise towards multi-institution
cohort development and efficient and cost-effective clinical and translational research.
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Classification model for defining inflammatory bowel disease cohorts in the electronic
medical record cohort
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Figure 2a: Comparison of codified data and narrative mentions of disease complications,
medications and outcomes in confirmed Crohn’s disease patients in the training set (n = 399)
Figure 2b: Comparison of codified data and narrative mentions of medications and outcomes
in confirmed ulcerative colitis patients in the training set (n = 378)
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Figure 3a: Beta-coefficients of significant predictors included in the final combined model
for Crohn’s disease
Figure 3b: Beta-coefficients of significant predictors including in the final model for
ulcerative colitis
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Figure 4. Proportion of patients in the entire EMR data mart classified as having Crohn’s
disease (CD) or ulcerative colitis (UC) with 97% specificity
The numbers over the bar graph represent the estimated size of our EMR cohort for CD and
UC using each of the four models
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